from the realistic representation of observed air-sea interactions, both models successfully predicted the evolution of the 2016 IOD up to 2 seasons ahead. The skillful prediction is also due to the precursor of the early subsurface warming in the eastern Indian Ocean, which increases intrinsic predictability of the 2016 IOD event. It is also demonstrated that IOD amplitude biases can be reduced by the joint-model prediction. The successful prediction of the 2016 IOD event allowed the East African drought to be predicted 4-6 months ahead. Our study reveals that current operational climate models can give useful warning of impending IOD events and impending climate extremes.
Introduction
The Indian Ocean dipole (IOD) is a zonal dipole in the tropical Indian Ocean sea surface temperature (SST) varying on the interannual timescale (Saji et al. 1999; Webster et al. 1999) . A positive (negative) IOD is associated with a cooling (warming) off the Sumatran coast and a warming (cooling) over the western equatorial Indian Ocean. The IOD has attracted much attention since the extreme 1997 positive IOD event which brought severe floods to East Africa and droughts to Indonesia (Webster et al. 1999) . The interaction of the IOD with the Asian monsoon and the El Niño/Southern Oscillation (ENSO) has also been extensively studied (Ashok et al. 2001 (Ashok et al. , 2003 (Ashok et al. , 2004 Yu et al. 2002; Behera and Yamagata 2003; Gadgil et al. 2004; Kug and Kang 2006; Ashok and Saji 2007; Yuan et al. 2008; Izumo et al. 2010; Luo et al. 2010) . By exciting atmospheric planetary waves, Abstract During 2016 boreal summer and fall, a strong negative Indian Ocean Dipole (IOD) event occurred, which led to large climate impacts such as the drought over East Africa. In this study, efforts are made to understand the dynamics of this IOD event and to evaluate real-time IOD predictions from current operational seasonal forecast systems. We show that both the wind-evaporation-SST and thermocline feedback lead to fast IOD growth in boreal summer 2016. Anomalous westerlies over the tropical Indian Ocean warmed the sea surface temperature (SST) over the tropical southeastern Indian Ocean (TSEIO) by reducing local evaporation; and wind induced thermocline deepening increased TSEIO SST by vertical advection. The intraseasonal disturbances in May induced the early subsurface warming and initiated the 2016 IOD. Due to negative cloud-radiation-SST feedback, the 2016 IOD event decayed quickly after October. We also demonstrate the successful real-time IOD predictions by the operational Hadley Center Global seasonal forecasting system version 5 (GloSea5) and the Beijing Climate Center Climate System Model (BCC-CSM1.1m). Resulting IOD influences can even reach remote regions (e.g. Saji and Yamagata 2003) .
In 2016, an extreme negative IOD event occurred, it is the strongest negative IOD in the period since 1980 according to NOAA Optimum Interpolation Sea Surface Temperature V2 dataset (OISSTv2; Reynolds et al. 2002) , with the peak Indian Ocean Dipole Mode index (DMI; Saji et al. 1999) reaching −1.5 °C (see Fig. 1a ). As shown in Fig. 2a , the 2016 boreal fall SST anomalies feature a strong warming off the coast of Sumatra (>1 °C), and a moderate cooling over the equatorial western Indian Ocean (<−0.5 °C). This strong IOD led to large climate influences such as the East African drought in 2016. During the East African short rain season (from October to December), the rainfall was reduced by in 2016. The real-time predictions were initialized in March (blue), April (light blue), May (green), June (yellow), July (orange), August (red) and September (purple), respectively 1 mm/day ( Fig. 3a) , with some regions recording below 50% of normal rainfall. As reported by the Inter-Agency Working Group (IAWG) in December 2016, over 15 million people in Somalia, Ethiopia and Kenya were experiencing devastating drought, food insecurity and unsafe drinking water. Thus, it is important to investigate the dynamics and predictability of this 2016 extreme negative IOD event.
The dynamics of IOD events are not completely understood. Dommenget (2011) argued that IOD cannot be distinguished from red noise based on a null hypothesis. A number of studies have pointed out the dependence of IOD on ENSO (e.g., Allan et al. 2001; Dommenget and Latif 2002; Baquero-Bernal et al. 2002; Yu and Lau 2004; Wang and Wang 2014) , emphasizing the El Niño induced anomalous easterly wind off Sumatran coast during ENSO development in boreal summer. However, given the fact that several IOD events occurred in the absence of ENSO forcing, other studies suggest IOD as an inherent mode of internal variability within the Indian Ocean basin (Behera et al. 1999; Webster et al. 1999; Ashok et al. 2003; Yamagata et al. 2003) . In a recent modeling study, one-third of the total IOD variance was due to ENSO forcing and the remaining arose from internal variability in the absence of ENSO (Yang et al. 2015) . Coincident with the extreme negative IOD in 2016, the large 2015/2016 joint record El Niño decayed quickly and transited into a weak La Niña state over the tropical Pacific. Hence it is necessary to investigate the potential roles of internal variability in the Indian Ocean and the weak La Niña to explain the evolution of the 2016 IOD. In addition to ENSO, other possible triggers have also been proposed for initiating IOD events, such as the Indonesian Throughflow (Annamalai et al. 2003) , the severe cyclone over the Bay of Bengal (Francis et al. 2007 ), the Hadley circulation over the western Pacific (Kajikawa et al. 2003) , the subtropical IOD (Feng et al. 2014 ) and springtime Indonesian rainfall (Wang et al. 2016) . The key role of windevaporation-SST (WES) and thermocline feedbacks are suggested to be fundamental to IOD growth (Li et al. 2003; Liu et al. 2011 ). However, not all the historical IOD events were accompanied by the WES and thermocline feedbacks. For example, WES feedback was inactive during 1997 IOD event. Therefore, the extreme negative IOD event in 2016 offers a good opportunity to further validate the dynamics of IOD formation. The predictability of IOD events has been assessed for several coupled climate models (Luo et al. 2005 Song et al. 2008; Zhao and Hendon 2009; Shi et al. 2012; Liu et al. 2017) . The lead time for skillful SST prediction is 5-6 months for the western Indian Ocean (IODW; 10°S-10N°, 50°E-70°E) and 3-4 months for the eastern Indian Ocean (IODE; 10°S-0°, 90°E-110°E). In general, skillful predictions of Dipole Mode Index (DMI) can only be made one season ahead (Shi et al. 2012; Liu et al. 2017 ). There is a winter predictability barrier , with a rapid drop of skill for IOD predictions across boreal winter. Although the prediction skill by dynamical coupled models is comparable to simple linear statistical models (Dommenget and Jansen 2009), higher skill can be achieved for larger IOD events. For example, the strong 2006 and 2007 positive IOD events were successfully predicted by SINTEX-F 3 seasons ahead owing to the oceanic subsurface memory in the South Indian Ocean (Luo et al. 2008) . Considering the severe societal impacts of the strong 2016 negative IOD event (IAWG 2016) , it is important to evaluate its real-time operational prediction by current operational seasonal prediction models. It is also interesting to study whether the prediction of impending extremes, such as the East African drought, can benefit from successful IOD predictions.
The remainder of the paper is organized as follows. Section 2 describes the observational, hindcast and real-time forecast datasets used in the study. In Sect. 3, we study the dynamics of the evolution of the 2016 IOD event. Real-time prediction of the 2016 IOD and its climate impacts are evaluated in Sect. 4. Finally, a summary and discussion of the results is given in Sect. 5.
Data and methodology
SST observations are taken from OISSTv2 (Reynolds et al. 2002) , and the NCEP Global Ocean Data Assimilation System (GODAS; Behringer et al. 1998 ) is analyzed for the heat budget of the upper ocean. Monthly precipitation over land and ocean are obtained from the CPC Merged Analysis of Precipitation (CMAP; Xie and Arkin 1997) covering the period since 1979, while the Global Precipitation Climatology Centre monthly precipitation dataset (GPCC; Schneider et al. 2011 ) is utilized to study the precipitation only over land. Observed atmospheric circulation is obtained from the National Centers for Environmental Prediction/Department of Energy (NCEP/DOE) Reanalysis 1 (Kalnay et al. 1996) .
In this study, we assess the IOD prediction by two operational seasonal prediction models, namely Global seasonal forecasting system version 5 (GloSea5) and the Beijing Climate Center Climate System Model (BCC-CSM1.1m). BCC-CSM1.1m is employed as the current operational model for seasonal prediction in Beijing Climate Center (Wu et al. 2010) . Its ocean component is developed by modifying MOM4 from Geophysical Fluid Dynamics Laboratory (Griffies et al. 2004) . Its horizontal resolution is 1° × 1° poleward of 30°N and 30°S, incrementally increasing to 1/3° latitude within 30°N and 30°S. This ocean model has 40 vertical layers and includes dynamic and thermodynamic Sea Ice Simulator (Winton 2000) . The atmospheric component is the BCC_AGCM2.2 at T106 horizontal resolution and 26 vertical layers (Wu et al. 2008) , and the land model is BCC_ AVIM (Ji et al. 2008 ) with a same horizontal resolution as the atmospheric model. The real-time forecast is performed at the beginning of every month, with 24 members per prediction by lagged initial dates (15 members) and singular vector perturbation method (9 members; Kleeman et al. 2003) . BCC-Godas ocean reanalysis is used to initialize the ocean (Liu et al. 2005) , while initial atmosphere and sea ice conditions are nudged toward NCEP reanalysis (Kalnay et al. 1996) and NOAA Optimum Interpolation Ice Concentration data (Reynolds et al. 2002) , respectively. A monthly hindcast set covers the period from 1991 to 2014, with the same experimental design as the real-time forecast.
GloSea5 is the operational seasonal forecasting system of the Met Office (MacLachlan et al. 2015) . The coupled HadGEM3 model is used in GloSea5. The atmosphere component uses Met Office Unified Model (Brown et al. 2012) atmosphere, and the ocean component uses NEMO (Nucleus for European Modelling of the Ocean; Madec 2008). GloSea5 uses the N216 resolution (0.8° in latitude and 0.5° in longitude) for the atmosphere, and the ORCA0.25 grid (0.25°) for the ocean. There are 85 vertical levels for the atmosphere and 75 levels for the ocean. The model contains no flux corrections or relaxation to climatology. GloSea5 produces 210-day long real-time seasonal forecasts initialized every day with two members. The initial atmospheric conditions are obtained from the Met Office 4D-Var data assimilation system (Rawlins et al. 2007) , and the ocean and sea ice conditions are initialized from the short-range ocean forecasting and data assimilation system (MacLachlan et al. 2015) . As an effort to obtain the model climatology and correct the mean state bias, a hindcast set initialized on the 1st, 9th, 17th and 25th days every month is completed from 1993 to 2015. Following the weighting strategy described in Arribas et al. (2011) , the daily climatology is weighted average of the closest hindcast initialization dates. More details can be found in MacLachlan et al. (2015) . Additional hindcast experiments with 24 members were performed for boreal summer, initialized on 25 April, 1 May and 9 May from 1992 to 2011. Each start date has eight ensemble members with different stochastic parameterization of model physics (Tennant et al. 2011) , thus totaling 24 ensemble members per year. The GloSea5 Ocean and Sea Ice Analysis (1989 Analysis ( -2011 supplies initial conditions for the ocean and sea ice, and ERA-Interim reanalysis data is used to initialize the atmosphere and land surface in the hindcast members. This extra hindcast dataset with a larger ensemble size is utilized to evaluate the historical IOD prediction skill by GloSea5. Figure 1a shows the evolution of the 2016 IOD event (Saji et al. 1999) . At the beginning of 2016, the Indian Ocean SST was passively modulated by the 2015/2016 super El Niño. It is well known that the Indian Ocean often warms following El Niño (Weare 1979) due to suppressed atmospheric convection and intensified surface energy flux. This basin wide warming was observed from January to April 2016, with the positive SST anomalies in both poles of the IOD (Figure  not shown) . Following the rapid decay of the 2015/2016 El Niño in boreal spring (Fig. 1g) , SST over the western Indian Ocean dropped to 0.5 °C below normal. However, IODE SST remained warmer than normal throughout 2016, which is similar to the persistent IODE warming in 1998 and 2010 after the 1997/1998 and 2009/2010 El Niño events, respectively. The southeastern Indian ocean warmed up again during boreal summer 2016, and reached 1 °C above normal in September 2016, forming the strongest negative IOD event occurred since the 1980s (Fig. 1a) . Thus, IODE played a more important role in the 2016 IOD than the western pole, and we focus on the dynamics of SST evolution in the tropical southeastern Indian Ocean.
Dynamics of the 2016 IOD event
A negative (positive) IOD event is often accompanied by a westerly (easterly) wind anomalies over the equatorial Indian Ocean, suggesting a role for local air-sea interaction (Saji et al. 1999; Yamagata et al. 2004) . Consistent with this, a strong westerly wind anomaly was evident over the equatorial central to eastern Indian Ocean in 2016 (Fig. 2a) . This westerly wind anomaly was pronounced from May to December 2016 (Fig. 1d) . The northwesterly wind anomaly off the coast of Sumatra (Fig. 2a) reduced the local climatologic southeasterly during boreal summer, resulting in reduced local evaporation and a warmer IODE. According to Gill's solution (1980) , the warming in IODE also induced an anomalous cyclone over the southeastern Indian Ocean (Fig. 2a) , leading to a stronger northwesterly wind anomaly and further warming off Sumatran coast. We quantitatively evaluate the latent heat flux changes over IODE. As shown in Fig. 4 , the weakening of local wind speed led to a reduction of latent heat loss which warmed IODE during boreal summer. The above wind-evaporation-SST feedback was suggested to be important for IOD growth (Li et al. 2003 ; Fig. 4 The observed anomalies of latent heat flux (red), net downward long wave radiation at surface (yellow), net downward short wave radiation at surface (blue), sensible heat flux (green), vertical entrainment (purple), meridional advection (cyan), zonal advection (brown) and the net energy flux (black) over tropical southeastern Indian Ocean (90°E-110°E, 10°S-Equator) in 2016 Liu et al. 2011) . Here, the fast growth of 2016 IOD event validates this hypothesis and also confirms IOD as a natural climate mode. It should be noted that WES feedback is positive only when the climatological southeasterly wind is pronounced in boreal summer and early fall. Although the equatorial westerly wind anomaly remained strong even in December 2016, the WES feedback became negative (Fig. 4) since the climatological wind turns northwesterly during boreal winter.
Along with the thermodynamic WES feedback, the anomalous equatorial westerly can also warm IODE by inducing a thermocline deepening and ocean warming. This thermocline feedback was first proposed in the eastern equatorial Pacific (EEP), where the easterly trade wind is strong and the thermocline is shallow. However, the thermocline in the Indian Ocean is relatively flat and deep due to the annual mean westerly wind. Thus, thermocline feedback is generally weaker in the Indian than the Pacific Ocean. However, the thermocline feedback is active from July to November (e.g. reviewed by Schott et al. 2009 ), when the mean upwelling is strong and the mean thermocline is shallow in the tropical eastern Indian Ocean. As shown in Fig. 4 , the vertical advection of the anomalous subsurface warm water by the mean upwelling was pronounced from July to October, contributing to the peak phase of 2016 IOD. It is demonstrated that the impact of thermocline feedback on the 2016 IOD event is larger than WES feedback, which is consistent with previous studies (Murtugudde et al. 2000) . We also note that the downward solar radiation is reduced with the IODE warming throughout 2016 (Fig. 4) , indicating negative cloud-SST feedback. During boreal winter, this cloud-SST feedback and negative WES feedback terminated the IODE warming quickly, explaining the fast decay of 2016 negative IOD event (Fig. 1a) .
Besides the WES and thermocline feedbacks during boreal summer and fall, the precursor of the 2016 extreme IOD event in late spring is also investigated. Prior to the IOD SST development, the tropical westerly wind anomaly occurred in May and June over the Indian Ocean basin (Fig. 1d) , which initiated the early subsurface warming in the tropical southeastern Indian Ocean (Fig. 5) . We further investigate the early zonal wind anomaly among historical IOD events. As shown in Fig. 6a , the significant correlation (0.62) is evident between the zonal wind and subsurface heat content anomalies in May and June at the 99% confidence level using a student-t test. Also, the early subsurface heat content anomaly in May and June is well correlated (0.50) with the SST in the tropical southeastern Pacific during the mature phase in boreal fall (Fig. 6b) , implying the ocean memory and the effective thermocline feedback during IOD growth. It should be noted that the early westerly wind anomaly acted as an precursor for the strong negative IOD events in 1998 and 2016. However, the activation of the negative IOD events in 1996 and 2010 cannot be attributed to early westerly wind or early subsurface warming, implying the existence of other precursors, such as oceanic . Note that the heat content and zonal wind anomalies are averaged in May and June, while the IODE SST anomaly is averaged from September to November. Four strongest positive IOD years (1994, 1997, 2006, 2015) and four strongest negative IOD years (1996, 1998, 2010 and 2016 ) since 1980s are indicated by the colorful symbols based on the IOD index (Saji et al. 1999 ) averaged from September to November. The straight lines represent the linear fitting line. The correlation coefficients are denotes by the numbers on the top of each figure equatorial Kelvin waves and the variations of ITCZ rainfall (Rao et al. 2009 ). We now investigate the origin of the early westerly wind in May. ENSO has been suggested to trigger IOD by modulating zonal winds off the Sumatran coast (e.g. Dommenget and Latif 2002). A weak La Niña coincided with the 2016 IOD (Fig. 1g) . The atmospheric response to La Niña is characterised by the equatorial Southern Oscillation index (ESOI; http://www.cpc.ncep.noaa.gov/data/indices/), which measures the standardized anomaly of the difference between the area-average sea level pressure in an area of the eastern equatorial Pacific (80°W-130°W, 5°N-5°S) and an area over Indonesia (90°E-140°E, 5°N-5°S). As shown in Fig. 1j , the ESOI index remained negative from January to April, indicating a slowing of the Walker Circulation induced by the previous 2015/2016 El Niño. As the eastern Pacific developed into a weak La Niña state in July (Fig. 1g) , ESOI turned positive and reached a peak in September. The resulting strengthening of the Walker Circulation helped to reinforce the anomalous westerly wind over the equatorial Indian Ocean during boreal fall. However, the La Niña induced atmospheric changes were moderate, with ESOI only reaching 0.6 standard deviation during boreal fall 2016. Furthermore, the westerly wind was evident as early as May and June (Fig. 1d) when ESOI was neutral (Fig. 1j) , implying that the initiation of westerly wind in May and June was independent of the La Niña forcing. The westerly wind anomaly in 2016 may simply result from internal variability within the Indian Ocean, with the weak La Niña playing a secondary role.
Since the initiation of 2016 negative IOD was unrelated to ENSO forcing, we investigate other possible triggers. Wang et al. (2016) suggested that positive (negative) IOD can be initiated by springtime Indonesian rainfall deficit (surplus) in the absence of ENSO. Figure 7b, d show the intraseasonal evolution of zonal wind at 850 hPa and outgoing longwave radiation (OLR) in 2016. The above normal convection over Indonesian was observed during late spring, which induced the westerly wind anomaly that is important for IOD dynamics. Furthermore, the Indonesian rainfall anomaly was found to be originated from the western Indian Ocean. The eastward propagation of Madden-Julian oscillation (MJO) was clearly evident in May (Fig. 7) . Similar feature was also evident in the extreme 1998 IOD event (Fig. 7a, c) . In fact, the amplitude of MJO (Wheeler and Hendon 2004) in May 1998 and 2016 reached 3.6 and 1.6, respectively, indicating strong MJO activities. Although IOD and MJO have different time scales, the IOD-MJO interaction has been documented by many studies. Shinoda and Han (2005) found that MJO activity is strongly reduced during positive IOD years. The termination of 2003 and 2007 positive IOD events was suggested to be a result from convection-enhancing MJOs which deepen the thermocline in the southeastern equatorial Indian Ocean (Rao et al. 2009 ). Also, easterlies associated with the convection-suppressing phase of of MJO initiated the positive IOD event in 2006 (Rao et al. 2009 ). Here, we suggested that the active phase of MJO could induce strong westerly wind in late spring, which might activate the negative IOD events in 1998 and 2016 by initiating the early subsurface warming.
Evaluations of real-time predictions of the 2016 IOD
It has been shown the air-sea interaction is key for the 2016 negative IOD event. Now we demonstrate to what extent our operational coupled models can capture the IOD dynamics and predict the 2016 negative IOD event. Figure 2b , c show the real-time predictions of boreal fall SST and wind anomalies by BCC-CSM1.1m and GloSea5, respectively. The strong warming off the Sumatran coast was well predicted by both models, and BCC-CSM1.1m also captured the weak cooling over the western Indian Ocean. The strong anomalous westerly wind along the equator was successfully predicted by both models, indicating the realistic air-sea interaction. Similar to the observation, the IODE SST warming induced the northwesterly wind off the Sumatran coast as a part of the associated cyclone over southeastern Indian Ocean, which further warmed IODE SST by reducing the local surface wind speed. This implies that the observed WES feedback was also well reproduced by both models, which helped to drive the successful 2016 IOD predictions. Both models also predicted remote factors, such as the 2016 weak La Niña. As shown in Fig. 1g , although the Pacific cooling was overestimated when initialized in March and April, the weak La Niña is well predicted after May. Furthermore, the La Niña induced weak atmospheric response was also well reproduced. The predicted strengthening of the Walker Circulation, as indicated by a positive ESOI (Fig. 1j, k, l) , reinforced the westerly wind over the Indian Ocean in agreement with the observations. Consistent with the Niño 3.4 predictions, the atmospheric responses are overestimated by both models when initialized in boreal spring. However, the observed moderate positive ESOI is well reproduced when initialized in boreal summer and fall. Thus, a secondary role of the 2016 La Niña is well represented in the predicted 2016 IOD growth, consistent with observations.
Observational evidence shows that the 2016 IOD event was triggered by active MJOs in May. The intraseasonal perturbation is usually difficult to be captured by seasonal prediction models. The MJO-induced westerly wind anomaly in May 2016 was underestimated by GloSea5 (Fig. 1e) . However, BCC-CSM1.1m correctly predicted the initiation of westerly wind anomaly 1 month ahead (light blue curve in Fig. 1d ). Similar to observations, the predicted westerly wind onset in BCC-CSM1.1m is unrelated to the concurrent 2016 La Niña, because the predicted atmospheric response was unclear in May (light blue curve in Fig. 1j ). This implies a possible impact of internal intraseasonal processes on IOD initiation in predictions by BCC-CSM1.1m.
The real-time prediction plumes of DMI are given in Fig. 1b, c . It is interesting that early warning of the extreme 2016 negative IOD can be predicted as early as March 2016.
Both models correctly predicted the quick onset, fast decay and peak season of the 2016 negative IOD. However, amplitude biases are evident in both models. BCC-CSM1.1m underestimated the 2016 negative IOD amplitude, while GloSea5 over-predicted it, especially when initialized in spring. Similar amplitude biases are also seen during other years in the 24 members hindcast experiments by both models (Fig. 8) . We suggest that IOD amplitude bias is due to the mean state bias in tropical Indian Ocean. For GloSea5, (Wheeler and Hendon 2004) the mean thermocline is too shallow in the eastern equatorial Indian Ocean (Johnson et al. 2017 ), leading to an overestimation of thermocline feedback and the resultant IOD amplitude. In contrast, for BCC-CSM1.1m, the mean thermocline is too deep in the eastern equatorial Indian Ocean (Fig. 9 ) and hence the SST response is too weak. The IOD amplitude bias is reduced in the joint-model mean (Figs. 1c, 8) , because the mean state biases in the two models cancel. The IOD prediction skill is quite low at current level, with correlation of 0.5 around 3-4 months for most models (Shi et al. 2012; Liu et al. 2017) . The overall IOD prediction skill by BCC-CSM1.1m is not significantly higher than other models, with the ACC skill quickly dropping under 0.5 after 3 months (not shown). Thus, the successful prediction of 2016 IOD event is partly due to the intrinsic predictable components inherent to this event. Figure 10 demonstrates the hindcast of IOD initialized in May and November by BCC-CSM1.1m and GloSea5. As previously discussed, the early westerly wind and subsurface warming acted as precursors in the negative IOD events in 1998 and 2016. As a result, the prediction of the strong negative IOD in 1998 and 2016 is successful although the amplitude is underestimated (overestimated) by BCC-CSM1.1m (GloSea5) due to the biases in mean thermocline depth (Fig. 9) . However, the strong negative IOD events in 1996 and 2010 is not predicted by two models (Fig. 10 ) due to the unclear precursors (Fig. 6) .
Previous studies have shown important climate impacts of IOD (Saji and Yamagata 2003) , including the severe East African flood during the two strongest positive IOD years in 1994 (Behera et al. 1999 ) and 1997 (Birkett et al. 1999; Webster et al. 1999) . Figure 11 shows the rainfall pattern during the short rain season from October to December (Clark et al. 2003) . The precipitation anomalies were clearly anchored by 2016 IOD forcing, with above normal rainfall over the tropical eastern Indian Ocean and the below normal rainfall over the western Indian Ocean and East Africa. The observed pattern is well predicted by BCC-CSM1.1m and GloSea5 (Fig. 11c, d ). These successful rainfall predictions result from both the correct 2016 negative IOD prediction and also a realistic IOD-rainfall relationship in both models. Consistent with previous studies (Black et al. 2003; Clark et al. 2003) , the correlation of DMI index with East African short rainfall reaches 0.77 in the observations (Fig. 3a) . The modulation of IOD on East African rainfall has been studied with atmospheric model simulations (Latif et al. 1999; Ummenhofer et al. 2009 ). Although other forcings, such as Arctic Oscillation (Gong et al. 2016) , can also modulate East African short rain, IOD plays a dominant role (Bahaga et al. 2015 ). Here we demonstrate that coupled seasonal predictions also capture the observed connection between East African rainfall and IOD. As shown in Fig. 3 , the correlation coefficients reach 0.54 and 0.72 for BCC-CSM1.1m and GloSea5, respectively. Given the successful 2016 negative IOD prediction, the East African drought is well predicted by BCC-CSM1.1m, although the ensemble mean amplitude is smaller than the observations due to the large ensemble spread (Fig. 3b ). GloSea5 predicted a reduction of East African short rain by 1 mm/day 4-6 months ahead (Fig. 3c) , which is very close to the observation.
Summary and conclusion
An extreme negative IOD event in 2016 caused major climate impacts such as severe East African drought as reported by IAWG. We investigated the dynamics and predictability of the 2016 IOD evolution. We found that the internal variability, involving the WES and thermocline feedbacks, played an important role in 2016 IOD growth during boreal summer. The strong westerly wind anomaly over the equatorial Indian Ocean deepened the thermocline and reduced the wind speed off the Sumatran coast. As a result, increased IODE SST during boreal summer was influenced by the vertical advection and reduced evaporation. Thus, the 2016 IOD event developed quickly in boreal summer and reached a peak of −1.5 °C in September 2016, the largest in the period since 1980s. Due to the negative cloud-SST-radiation feedback, the 2016 negative IOD decayed rapidly. Besides internal variability, possible impact from remote forcing was also studied. A weak La Niña developed in the tropical Pacific during 2016. A moderate atmospheric response was evident, which intensified the Walker circulation and reinforced the westerly wind anomaly over the tropical Indian Ocean during boreal fall. Since the La Niña induced atmospheric response was very weak before July, we suggest that the early westerly wind in May was triggered by active MJOs in May. The subsurface warming immediately followed the MJO induced westerlies in late May. The ocean memory sustained the subsurface warming, and increased the SST off the Sumatran coast when the mean thermocline became shallow after July.
Real-time predictions of the 2016 IOD event were assessed in two prediction systems. Both models successfully predicted the evolution of the 2016 IOD up to 2 seasons ahead. The quick onset, fast decay and peak season of the 2016 negative IOD are all well captured. However, the amplitude is overestimated (underestimated) by GloSea5 (BCC-CSM1.1m). Hindcast experiments confirm the IOD amplitude biases due to the mean state errors in both models. Joint model predictions by BCC-CSM1.1m and GloSea5 give more realistic IOD amplitudes. The successful 2016 IOD predictions result from correct representations of atmosphere-ocean feedback. The reduction of wind speed over eastern Indian Ocean is predicted by both models (Fig. 2) , implying realistic WES feedback. Although the subsurface ocean data is unavailable for GloSea5, we show that the observed wind-driven subsurface ocean warming was captured by BCC-CSM1.1m (Fig. 5) , indicating a good representation of thermocline feedback in real-time predictions. The 2016 weak La Niña is also 
predicted by both models, offering realistic external forcing for further IOD development. The skillful prediction is also due to the precursor of the early subsurface warming in the eastern Indian Ocean, which increases intrinsic predictability of the 2016 IOD event. Consistent with the successful prediction of the 2016 negative IOD event, the observed East African drought was also be well predicted. Early warning of deficient short rains was obtained 4-6 months ahead, providing potentially important societal benefits from current real-time seasonal prediction systems.
